Abstract For two or more classes (or types) of points, nearest neighbor contingency tables (NNCTs) are constructed using nearest neighbor (NN) frequencies and are used in testing spatial segregation of the classes. Pielou's test of independence, Dixon's cell-specific, class-specific, and overall tests are the tests based on NNCTs (i.e., they are NNCT-tests ). These tests are designed and intended for use under the null pattern of random labeling (RL) of completely mapped data. However, it has been shown that Pielou's test is not appropriate for testing segregation against the RL pattern while Dixon's tests are. In this article, we compare Pielou's and Dixon's NNCT-tests; introduce the one-sided versions of Pielou's test; extend the use of NNCT-tests for testing complete spatial randomness (CSR) of points from two or more classes (which is called CSR independence, henceforth). We assess the finite sample performance of the tests by an extensive Monte Carlo simulation study and demonstrate that Dixon's tests are also appropriate for testing CSR independence; but Pielou's test and the corresponding one-sided versions are liberal for testing CSR independence or RL. Furthermore, we show that Pielou's tests are only appropriate when the NNCT is based on a random sample of (base, NN) pairs. We also prove the consistency of the tests under their appropriate null hypotheses. Moreover, we investigate the edge (or boundary) effects on the NNCT-tests and compare the buffer zone and toroidal edge correction methods for these tests. We illustrate the tests on a real life and an artificial data set.
Introduction
The analysis of spatial point patterns in natural populations has been extensively studied in various fields. In particular, spatial patterns in epidemiology, population biology, and ecology have important implications. A spatial point pattern includes the locations of some measurements, such as the coordinates of trees in a region of interest. These locations are referred to as events by some authors, in order to distinguish them from arbitrary points in the region of interest (Diggle 2003) . However in this article such a distinction is not necessary, as we only consider the locations of events. Hence points will refer to the locations of events, henceforth. Most point patterns also include other types of measurements for each point, such as a categorical label (e.g., species label) or size (e.g., height of pine saplings). Such labelled data are marked point patterns generated by marked point processes, which define the distributions of the "marks" or "labels" to the locations of the points and perhaps are the most common spatial point patterns. For a general discussion of marked point processes, see Diggle (2003) , Gavrikov and Stoyan (1995) , Penttinen et al. (1992) , and Schlather et al. (2004) . For convenience and generality, we call the different types of points as "classes". From the early days on, the related research has mostly been on only one class at a time; i.e., on spatial pattern of each class (e.g., density, clumpiness, etc.). These patterns in a one-class framework fall under the pattern category called spatial aggregation (Coomes et al. 1999) or clustering. However, it is also of practical interest to investigate the patterns of one class with respect to the other classes (Pielou 1961) . The spatial relationships between two or more classes have important consequences especially for plant species. See, for example, Pielou (1961) and Dixon (1994 Dixon ( , 2002a , for more detail. Although we refer to types of points as "classes", the "class" can be replaced by any characteristic of an observation at a particular location. For example, the pattern of spatial segregation has been investigated for species (Diggle 2003) , age classes of plants (Hamill and Wright 1986 ) and sexes of dioecious plants (Nanami et al. 1999) . We also note that many of the epidemiological applications are for a two-class system of case/control labels (Waller and Gotway 2004) .
In various fields, there are many tests available for spatial point patterns. An extensive survey is provided by Kulldorff who enumerates more than 100 such tests, most of which need adjustment for some sort of inhomogeneity (Kulldorff 2006) . He also provides a general framework to classify these tests. The most widely used tests include Pielou's test of segregation for two classes (Pielou 1961) due to its ease of computation and interpretation and Ripley's K or L-functions (Ripley 2004) . The abundance of tests results because (i) the tests for which Monte Carlo critical values are the only criteria receive wide acceptance in various fields; (ii) there are many different types of segregation patterns and some tests are designed to detect only certain types of segregation patterns; and (iii) the lack of cross-fertilization between different scientific fields so that new tests are proposed unbeknownst to the developers of similar tests.
Nearest neighbor (NN) methods for spatial patterns include at least six different groups (see, e.g., Dixon 2002b) . The methods utilize some measure of (dis)similarity between a point and its NN; such as the distance between the points or the class types of the points. The latter type of similarity is used in the NN methods considered in this article. Nearest neighbor contingency tables (NNCTs) are constructed using the NN frequencies of classes and are used in testing spatial patterns. Pielou (1961) proposed tests (for segregation, symmetry, niche specificity, etc.) based on NNCTs under the RL of locations in the study region and Dixon devised cell-specific, class-specific, and overall tests based on NNCTs for the two-class case (Dixon 1994) and extended his methodology to the multi-class case (Dixon 2002a) under RL. Pielou's tests have been used for the two-class case only. However it has been demonstrated that Pielou's test is not appropriate for the NNCTs constructed under the RL of points (Meagher and Burdick 1980) .
In this article, we discuss the tests of spatial segregation based on NNCTs. We describe the necessary assumptions and hypotheses, the tests, and the underlying sampling frameworks for Pielou's and Dixon's tests. We propose one-sided versions of Pielou's test to detect the direction of deviation from the RL pattern; then extend the use of Pielou's and Dixon's tests for the CSR of points from two or more classes in the region of interest (i.e., for CSR independence). However, we demonstrate that under CSR independence, Dixon's tests are conditional tests, and propose a method to remove this conditional nature of Dixon's test. We also compare the empirical sizes of the NNCT-tests by an extensive Monte Carlo simulation study, where we demonstrate that Pielou's test and the corresponding one-sided versions are liberal in rejecting RL or CSR independence, while Dixon's tests are about the desired nominal level. We also prove the consistency of the tests under their appropriate null hypotheses; show that Pielou's test is only appropriate when the NNCT is based on a random sample of (base, NN) pairs (which is not realistic in practical situations). We also investigate the edge (or boundary) effects on the NNCT-tests under CSR independence only since edge effects is not a concern under RL.
We describe the spatial point patterns of RL and CSR independence in Sect. 2; describe the NNCT-tests in Sect. 3, in particular we describe the construction of the NNCTs in Sect. 3.1, Pielou's test in Sect. 3.2, Dixon's NNCT-tests in Sect. 3.3, extend Dixon's test for the CSR independence pattern in Sect. 3.4. We prove the consistency of the NNCT-tests in Sect. 4 (and defer the proofs to the Appendix Section); present our extensive Monte Carlo simulation analysis in Sect. 5, in particular we compare the empirical significance levels of the tests under RL in Sect. 5.1, under CSR independence in Sect. 5.2, under the independence of rows and cell counts in NNCTs in Sec. 5.3. We also consider the edge correction methods under the CSR independence pattern in Sect. 6; illustrate our methods on two example data sets in Sect. 7. We provide our discussions and conclusions as well as guidelines for using the tests in Sect. 8.
Spatial point patterns
For simplicity, we describe the spatial point patterns for two-class populations; the extension to the multi-class case is straightforward.
In the univariate (i.e., one-class) spatial point pattern analysis, the null hypothesis is usually complete spatial randomness (CSR) (Diggle 2003) . Given a spatial point pattern P = {X i · I(X i ∈ D), i = 1, . . . , n : D ⊂ R 2 } where X i stands for the location of event i (i.e., point i) and I(X i ∈ D) is the indicator function which denotes the Bernoulli random variable denoting the event that point i is in region D. The pattern P exhibits CSR if given n events (ie., locations of the points) in domain D, the events are an independent random sample from the uniform distribution on D. Note that this condition also implies that there is no spatial interaction; i.e., the locations of these points have no influence on one another. Furthermore, when the reference region D is large, the number of points in any planar region with area A(D) follows (approximately) a Poisson distribution with intensity (i.e., number of points per unit area) denoted by λ and mean λ · A (D) .
To investigate the spatial interaction between two or more classes in a bivariate process, usually there are two benchmark hypotheses: (i) independence, which implies two classes of points are generated by a pair of independent univariate processes and (ii) random labeling (RL), which implies that the class labels are randomly assigned to a given set of locations in the region of interest (Diggle 2003) . In this article, we will consider two random pattern types as our null hypotheses: CSR of points from two classes (this pattern is called CSR independence) or RL.
In CSR independence, points from each of the two classes satisfy the CSR pattern in the region of interest. On the other hand, RL is the pattern in which, given a fixed set of locations in a region, class labels are assigned to these fixed locations randomly so that the labels are independent of the locations. So, RL is less restrictive than CSR independence, in the sense that RL does not impose any restrictions on the distribution of the locations of the events, but CSR independence is a process defining the spatial distribution of event locations.The RL or CSR independence patterns imply a more refined null hypothesis for the NNCT-tests, namely, H o : randomness in the NN structure.When the points from each class are assumed to be uniformly distributed over the region of interest, then randomness in the NN structure is implied by the CSR independence pattern, which is also referred to as (a type of) "population independence" by some authors (Goreaud and Pélissier 2003) . Note that this type of CSR is equivalent to the case where the RL procedure is applied to a given set of points from a CSR pattern in the sense that after points are generated uniformly in the region, the class labels are assigned randomly. When only the labeling of a set of fixed points (the allocation of the points could be regular, aggregated, or clustered, or of lattice type) is random, the randomness in the NN structure is implied by RL pattern.
The distinction between the RL and CSR independence is very important when defining the appropriate null model which depends on the particular ecological context. Goreaud and Pélissier (2003) discuss the differences between independence and RL patterns and show that the incorrect specification of the null pattern may result in incorrect results, e.g., for Ripley's K or L-functions. They also propose some guidelines to determine which null hypothesis is appropriate for a given situation. For the null case of CSR independence (just independence in Goreaud and Pélissier 2003) the locations of the points from two classes are a priori the result of (perhaps) different processes (e.g., individuals of different species or age cohorts), whereas for the null case of RL some processes affect a posteriori the individuals of a single population (e.g., diseased versus non-diseased individuals of a single species). Notice that although CSR independence and RL are not same, they lead to the same null model (i.e., randomness in NN structure) for tests using NNCT, which does not require spatially-explicit information.
Deviations from the null patterns (RL or CSR independence) were first called (positive or negative) segregation. In Pielou's approach, two classes can be described as "unsegregated" if the NN of an individual is as likely to be of the same class as the other class; that is, neither class has a tendency to occur in one-class clumps or clusters. Negative segregation occurs if the NN of a point is more likely to be from a different class than the class of the point. Positive segregation occurs if the NN of a point is more likely to be of the same class as the class of the point; i.e., the members of the same class tend to be clumped or clustered (see, e.g., Pielou 1961) . The concept of "negative segregation" as described above, is more commonly referred to as association, whereas "positive segregation" is merely called segregation. See, for example, Cressie (1993) and Coomes et al. (1999) for more detail. Two classes may exhibit many different forms of segregation (Pielou 1961 ). Although it is not possible to list all segregation types, existence of segregation can be tested by using NNCTs. In the statistical literature, association in contingency tables generally refers to categorical association. To avoid confusion between this general association and the spatial pattern of association, we call the former as "categorical association" and the latter as "spatial association". No such confusion occurs for segregation.
Tests based on nearest neighbor contingency tables
In this section, we present the construction of NNCTs and then Pielou's and Dixon's tests based on NNCTs.
Construction of nearest neighbor contingency tables
Consider two classes labelled as {1, 2}. NNCTs are constructed using NN frequencies for each class. Let n i be the number of points from class i for i ∈ {1, 2} and n = n 1 +n 2 . If we record the class of each point and its NN, the NN relationships fall into 4 categories: (1, 1), (1, 2); (2, 1), (2, 2), where in cell (i, j), class i is the base class, while class j is the class of its NN. That is, a (base, NN) pair is categorized according to its label. Denoting N i j as the observed frequency of cell (i, j) for i, j ∈ {1, 2}, we obtain the NNCT in Table 1 where C j is the sum of column j; i.e., number of times class j points serve as nearest neighbors for j ∈ {1, 2}. Note also that n = i, j N i j ,
We adopt the convention that capital letters stand for random quantities, while lower case letters stand for fixed quantities. Let π i j = P(U = i, V = j) be the probability that the pair of points (U, V ) falls in cell (i, j); i.e., the point V is from class j and is a NN of the point U which is from class i. Furthermore, let ν i = π i1 + π i2 for i = 1, 2, that is, the probability of a base point to be of class i. Similarly, let κ j = π 1 j + π 2 j for j = 1, 2, that is, the probability of a NN point to be of class j. The sample versions of these probabilities are π i j = N i j /n for π i j , ν i = n i /n for ν i , and κ j = C j /n for κ j .
A (base, NN) pair can be categorized as reflexive or non-reflexive, regardless of the classes of the members of the pair. For a (base, NN) pair, (X, Y ), (i.e., Y is a NN of X ), if X is a NN of Y (i.e., (Y, X ) is also a (base, NN) pair), then the pair (X, Y ) is called reflexive. If a (base, NN) pair is not reflexive, then it is a non-reflexive pair. Moreover, a point can serve as NN to none or several other points. That is, a point can be a shared NN to k (k < 6) other points in R 2 (Clark and Evans 1955) .
Pielou's test of segregation
Pielou constructed NNCTs based on NN frequencies which yield tests that are independent of quadrat size (Pielou 1961; Krebs 1972 ). In the two-class case, Pielou used the usual Pearson's χ 2 test of independence (with 1 df) to test for presence or lack of segregation (Pielou 1961) . Due to the ease in computation and interpretation, her test of segregation is widely used in ecology (Meagher and Burdick 1980) for both completely mapped or sparsely sampled data. In particular, Pielou has described and used her test of segregation for completely mapped data, although her test is not appropriate for such data (see Meagher and Burdick (1980) and Dixon (1994) ). A data set is completely mapped, if the points (i.e., locations of all events) in a defined space are observed. Alternatively, sparse sampling might be suitable for the use of Pielou's test as suggested by Dixon (1994) . Although sparse sampling is not clearly defined in the literature, it can be classified into two types. The sparse sampling schemes depend on the events (members of a class occupying a location) or arbitrary points in the region of interest. The most well known sparse sampling method is the quadrat sampling, in which the number of events falling into each of several (preferably random) small subregions (quadrats) is recorded. However construction of NNCTs may not even be possible in such a scheme, since the NN information may be lost when only the number of events are recorded for each quadrat. The second sparse sampling scheme is the distance sampling, in which the basic unit is an arbitrary point (not necessarily from the events) and the information based on the distance to the nearest event is recorded (Solow 1989) . Notice that this type of distance sampling scheme does not yield sufficient information for the construction of NNCTs either.
Pearson's χ 2 test of independence for a 2 × 2 contingency table, in general, can be assumed to develop from one of the following frameworks: Poisson, row-wise binomial, or overall multinomial sampling frameworks. Below we briefly describe these frameworks for 2 × 2 contingency tables. Let π i j be the probability of a point to fall in cell (i, j) in the contingency table, and ν i and κ j be the probabilities that the point is of row category i and of column category j, respectively. The test statistic for Pielou's test (which is same as Pearson's test) is given by
Poisson sampling framework: Each category count in the contingency table is assumed to be an independent Poisson variate. Another key feature is the independence of cell counts, which would imply that π i j = ν i κ j for all (i, j) ∈ {1, 2}. This independence can be tested by Pearson's χ 2 test for large samples and Fisher's exact test or the exact version of the Pearson's test for small samples (Agresti 1992 However, in the case of NNCTs, cell counts, e.g., N 12 and N 21 are not independent under RL or CSR independence. Because, a (base, NN) pair is more likely to be a reflexive pair, rather than a non-reflexive pair under RL or CSR independence (Meagher and Burdick 1980) . Thus under Poisson sampling framework, Pielou's test would be inappropriate for testing RL or CSR independence.
Row-wise binomial sampling framework: In this framework, we assume that N i = n i are given and N i j ∼ BIN(n i , π i j ), the binomial distribution with n i trials and probability of success being π i j . Notice that for more than two classes, this will be row-wise multinomial framework.
Then the null hypothesis for this test is H o : π 11 = π 21 which also implies π 12 = π 22 . The alternative H a : π 11 > π 21 would correspond to positive categorical association which would also imply π 22 > π 12 . Similarly, the alternative H a : π 11 < π 21 would correspond to negative categorical association which would also imply π 22 < π 12 .
Under H o , we can parametrize the null model as N i j ∼ BIN(n i , κ j ) where κ j can be estimated as C j /n and is assumed to equal the expectation
which, for large n, n 1 , and n 2 , is equiva-
P is approximately distributed as χ 2 2 (i.e., χ 2 distribution with 2 degrees of freedom) for large n i ; if κ j are not known, but estimated as C j /n, then X 2 P is approximately distributed as χ 2 1 for large n i . In most practical situations, the latter case will occur, so χ 2 1 distribution is used for this test. In the two-class case, (N 11 , N 12 ) and (N 21 , N 22 ) are assumed to be independent and so are the individual trials, namely, (base, NN) pairs. Under RL or CSR independence, this assumption is invalid for completely mapped data. Because the trials that constitute N ii for i = 1, 2 are not independent due to reflexivity and shared NN structure; likewise, N 12 and N 21 are not independent. Hence, Pielou's test is not appropriate for RL or CSR independence in this framework either.
Overall multinomial sampling framework: An alternative sampling framework for contingency tables, in general, is that the cell counts are assumed to be from independent multinomial trials. That is, for the two-class case,
hence the name overall multinomial framework. The null hypothesis in this framework is H o : ( π 11 , π 12 ) = ( π 21 , π 22 ) and E[N i j ] in Eq. 1 is N i C j /n. The multinomial counts are not independent (since they are negatively correlated) when conditioned on their total. This dependence alleviates as the sample size increases, but might confound the small sample results. In addition to this mild dependence, the NNCT cell counts are not independent due to, e.g., reflexivity. Hence the overall multinomial framework is not appropriate for NNCTs based on RL or CSR independence either.
Note that conditional on N i = n i , the overall multinomial framework reduces to the row-wise multinomial framework. Furthermore, when the parameters are not known but estimated from the marginal sums, all frameworks yield tests that are approximately distributed as χ 2 1 for large n.
One-sided versions of Pielou's test of segregation
Pielou's test is a general two-sided test, hence it does not indicate the direction of the deviation (e.g., positive or negative categorical association) from the null case. To determine the direction, one needs to check the NNCT. Since X 2 P approx ∼ χ 2 1 , for large n, we can write X 2 P = Z 2 n where Z n approx ∼ N (0, 1), the standard normal distribution. By some algebraic manipulations, among other possibilities, for the row-wise multinomial framework, Z n can be written as
See Bickel and Doksum (1977) 
Once again, we point out that these one-sided tests are not appropriate for testing RL or CSR independence, due to inherent dependence of cell counts in NNCTs based on such patterns.
Remark 3.1 Appropriate null case for Pielou's tests: In Pielou's test, each of the Poisson and row-wise binomial sampling frameworks for cell counts assumes that the trials (i.e., the cross-categorization of base-NN pairs) are independent and in the overall multinomial framework, there is mild dependence between the cell counts. The independence of rows and individual trials (i.e., cells) would follow if NNCT were based on a random sample of (base label, NN label) pairs. But unfortunately, this usually is not realistic in practice, although it might have theoretical appeal. When we have a random sample of (base label, NN label) pairs (which are also called the (base, NN) pairs), the null hypothesis for Pielou's test is equivalent to the case that the vector of probabilities for the cell frequencies for each row are identical. Hence if the NNCT is based on a random sample of (base, NN) pairs, then any of the sampling frameworks would be appropriate which in turn implies the appropriateness of Pearson's test of independence for the NNCT. The null hypothesis in each of the sampling frameworks will imply independence between the patterns of the two classes. On the other hand the alternatives of positive categorical association will correspond to segregation of the classes, while negative categorical association will correspond to spatial association of the classes.
Dixon's NNCT-tests
Dixon proposed a series of tests for segregation based on NNCTs, namely, cell-and class-specific tests, and overall test of segregation under RL (Dixon 1994) .
Dixon's cell-specific tests
The level of segregation is estimated by comparing the observed NNCT cell counts to the expected NNCT cell counts under RL of fixed points. Dixon demonstrates that under RL, one can write down the cell frequencies as Moran join-count statistics (Moran 1948) . He then derives the means, variances, and covariances of the cell counts (i.e., frequencies) (Dixon 1994 (Dixon , 2002a .
When the null hypothesis is RL, we have
or equivalently
The test statistic suggested by Dixon is given by
where
with p x x , p x x x , and p x x x x are the probabilities that a randomly picked pair, triplet, or quartet of points, respectively, are the indicated classes and are given by
,
Furthermore, Q is the number of points with shared NNs, which occurs when two or more points share a NN and R is twice the number of reflexive pairs. Then Q = 2 (Q 2 + 3 Q 3 + 6 Q 4 + 10 Q 5 + 15 Q 6 ) where Q k is the number of points that serve as a NN to other points k times.
One-sided and two-sided tests are possible for each cell (i, j) using the asymptotic normal approximation of Z D i j given in Eq. 5 (Dixon 1994) . In Dixon's framework, N i j are random quantities; and the quantities in the expectations, hypotheses, and variances are conditional on N = n and N i = n i for i ∈ {1, 2}. The column sums are irrelevant for Dixon's tests.
We describe the setting in a broader context. Let ν i be the probability of an arbitrary point being from class i. Then under RL, π i j = ν i ν j and the expression
can be viewed as an estimate of π i j and denoted as π i j . Furthermore, given large N = n, under the null hypothesis of RL the expected values given in Eq. 4 implies
i j in Eq. 5. In Dixon's framework, for large n and n i , the row marginals satisfy E[N i /n] = ν i and the column marginals satisfy
Dixon's overall test of segregation
Dixon's overall test of segregation tests the hypothesis that expected values of the cell counts in the NNCT are equal to the ones given in Eq. 4. In the two-class case, he calculates
for both i ∈ {1, 2} and then combines these test statistics into a statistic that is asymptotically distributed as χ 2 2 (Dixon 1994 ).
The suggested test statistic is given by
where E[N ii ] are as in Eq. 4, Var[N ii ] are as in Eq. 6, and
e., the non-centrality parameter λ = 0. If we parametrize the segregation alternative as H S a :
and S is the (positive definite) variance-covariance matrix of the cell counts under H S a . If the association alternative is parametrized as above with ε 1 , ε 2 < 0 then we obtain the same non-centrality parameter λ(ε 1 , ε 2 ). Dixon (2002a) extends his test for multi-class case (i.e., for the case with three or more classes). He also partitions the overall test statistic X 2 D into class-specific test statistics each of which are dependent but approximately follow a χ 2 distribution.
Dixon's tests under CSR independence
The expected values of the NNCT cell counts given in Eq. 4 are derived under RL or CSR independence by Dixon (1994) . However, the variances and covariances of the cell counts used in Sects. 3.3.1 and 3.3.2 are derived under the RL pattern only (Dixon 1994 (Dixon , 2002a .
When the null hypothesis is CSR independence, the expressions for the variances and covariances of the NNCT cell counts are as in RL case, except they are conditional on Q and R. The quantities Q and R are fixed under RL, but random under CSR independence. Hence under CSR independence Dixon's cell-specific test given in Eq. 5 asymptotically has N (0, 1) distribution and overall test given in Eq. 8 asymptotically has χ 2 2 , conditional on Q and R. Under the CSR independence pattern, the unconditional variances and covariances (hence the unconditional asymptotic distributions) can be obtained by replacing Q and R with their expectations.
Unfortunately, given the difficulty of calculating the expectations of Q and R under CSR independence, it seems reasonable and convenient to use test statistics employing the unconditional variances and covariances even when assessing their behavior under the CSR independence pattern. Alternatively, one can estimate the values of Q and R empirically, and substitute these estimates in the variance and covariance expressions. For example, for homogeneous planar Poisson pattern, we have E[Q/n] ≈ .632786 and E[R/n] ≈ 0.621120 (estimated empirically by 1000000 Monte Carlo simulations for various values of n = n 1 + n 2 on the unit square).
To assess the influence of conditioning on the performance of Dixon's tests for the two-class case, we consider both the conditional version of these tests, as well as the unconditional version, in which the terms Q and R are replaced by 0.63 n and 0.62 n, respectively. We call the latter type of correction as QR-adjustment and the transformed tests as QR-adjusted tests, henceforth. QR-adjusted version of Dixon's cell-specific test statistic for cell (i, j) is denoted by Z D,qr i j and of the overall test statistic is denoted by X 2 D,qr .
Remark 3.2 Extension of NNCT-tests to multi-class case: Dixon has extended his tests into multi-class situation with three or more classes (Dixon 2002a) . For q classes with q > 2, the corresponding NNCT is of dimension q × q. It is possible to define q 2 cell-specific tests as in Eq. 5, and one can combine the tests into one overall test similar to the one given in Eq. 8, which will have χ 2 q(q−1) , asymptotically. On the other hand, Pielou's test is defined and has only been used for the two-class spatial patterns. Its inappropriateness discourages its immediate extension to multi-class patterns.
Comparison of Pielou's and Dixon's tests
Dixon points out two problems with Pielou's test of independence: (i) it fails to identify certain types of segregation (e.g., mother-daughter processes) and (ii) the sampling distribution of NNCT cell counts is not appropriate (see Dixon 1994) . In a motherdaughter process, mothers are distributed randomly in the region of interest, while the daughters are randomly displaced within close vicinity of their mothers. In such a process, it is possible to obtain a NNCT in which the cell counts are very similar to the ones expected under the Pielou null hypothesis, while in reality the pattern exhibits the segregation of the daughters. For more detail on mother-daughter processes and examples for which Pielou's test giving misleading results, see Dixon (1994) . Problem (ii) was first noted by Meagher and Burdick (1980) who identify the main source of it to be reflexivity of (base, NN) pairs. As an alternative, they suggest using Monte Carlo simulations for Pielou's test. Dixon shows that Pielou's test is not appropriate for completely mapped data, but suggests that it might be appropriate for sparsely sampled data (Dixon 1994) .
In Pielou's test, each of the sampling frameworks requires that the cell counts are independent. However, when a trial is label categorization of a (base, NN) pair, the assumption of independence between trials is violated due to reflexivity and shared NN structure. Thus Pielou's test measures deviations not only from the null pattern of RL or CSR independence but also from the independence of trials. This also suggests that Pielou's test would be liberal in rejecting the null hypothesis. The reflexivity and shared NN structure are not merely finite sample patterns, as they follow a certain non-degenerate distribution even when n → ∞ (Clark and Evans 1955) .
By construction, Pielou's test is used to test independence of the class labels of the (base, NN) pairs, but ignores the spatial information (hence ignores the spatial dependence, e.g., reflexivity of NNs). On the other hand, Dixon's tests are used for the null hypotheses of RL or CSR independence and uses more of the spatial information. For Dixon's tests, the underlying sampling framework for cell counts is different from Poisson, row-wise binomial, or overall multinomial sampling models of the contingency tables. In his framework, the probability of class j point serving as a NN of a class i point depends only on the class sizes (i.e., row sums), but not the total number of times class j serves as a NN (i.e., column sums). On the other hand, Pielou's test depends on both row and column sums. In fact, Pielou starts her arguments with NN probabilities depending on class sizes (row sums) in (Pielou 1961, pp. 257-258) . Then she leaves this track of development because of dependence due to shared NN structure (i.e., the distribution of Q k (Clark and Evans 1955) ). For testing RL or CSR independence, Dixon's framework is more appropriate as a sampling distribution for NNCT cell counts, as it accounts for the inherent spatial dependence between observations.
Consistency of the NNCT-tests
The null hypotheses are different for Pielou's and Dixon's framework of testing spatial patterns, and so are the alternative hypotheses. Hence the acceptance regions are different (see, e.g., Dixon 1994) , and no test is uniformly superior to the other, since both A D \A P and A P \A D are non-empty, where A D is the acceptance region for Dixon's test and A P is the acceptance region for Pielou's test. That is, there are situations in which Pielou's test yields a significant result, while Dixon's test finds no significant segregation, and vice versa. For example, a pattern resulting from a mother/daugter process can fall in A P \A D (see Sect. 3.5). On the other hand, a process in which row and column sums in a NNCT are close but the cell counts are different than expected under Pielou null hypothesis, and similar to the ones expected under Dixon null hypothesis might yield a pattern that falls in A D \A P . Therefore the comparison of the tests (even for large samples) is inappropriate. But any reasonable test should have more power as the sample size increases. So, we prove that the tests under consideration are consistent, although they have appropriate size under different null hypotheses. The proofs of lemmas and theorems in this section are all deferred to the Appendix.
In the following theorems we use the consistency of tests based on statistics that have N (0, 1) or χ 2 ν distributions asymptotically. First, we prove the consistency of Pielou's test of segregation and the one-sided versions. Let z(α) be the 100(1 − α) th percentile for the standard normal distribution and χ 2 ν (α) be the 100(1−α) th percentile for χ 2 distribution with ν df. 
is consistent.
(II) Under RL or CSR independence, the level of the test using X 2 P is larger than α (i.e., it is liberal in rejecting these null patterns) but is consistent (in the sense of part (II) of Theorem 4.1).
Next, we prove the consistency of Dixon's cell-specific and overall tests of segregation.
Theorem 4.3 Under RL, Dixon's cell-specific test for cell
(i, j) in a NNCT denoted by Z D i j ; i.e., the test rejecting H o : π i j = n i (n i −1) n(n−1) I(i = j) + n i n j n(n−1) I(i = j) (i.
e., RL ) against the two-sided (and one-sided alternatives) for |Z
is of size α and is consistent.
Under CSR independence, Z D i j is consistent conditional on Q and R.

Theorem 4.4 Under RL, Dixon's overall test of segregation; i.e., the test rejecting
is of size α and is consistent. Under CSR independence, X 2 D is consistent conditional on Q and R.
Monte Carlo simulation analysis
Pielou's test of independence and Dixon's overall test of segregation are not testing the same null pattern, so we can not compare the power of the tests under either segregation or association alternatives and we only implement Monte Carlo simulations to evaluate the finite sample performance of the tests in terms of empirical size. For the null case, we simulate the RL, CSR independence patterns, and independence of the rows in the NNCTs, with two classes labelled as X and Y with sizes n 1 and n 2 , respectively.
Empirical significance levels of the NNCT-tests under RL
Under RL, we consider four cases. In RL Case (1) we use the locations of the trees in the swamp tree data (see Fig. 2 and Dixon 1994) as the fixed points, and randomly assign n 1 = 182 points as X and n 2 = 91 points as Y points. In each of the other RL cases, we first determine the fixed locations of points for which class labels are to be assigned randomly. Then we apply the RL procedure to these points for respective sample size combinations as follows. RL Case (2) First, we generate n = n 1 + n 2 points iid U((0, 1) × (0, 1)), the uniform distribution on the unit square, for some combinations of n 1 , n 2 ∈ {10, 30, 50, 100}. In each (n 1 , n 2 ) combination, the locations of these points are taken to be the fixed locations for which we assign the class labels randomly. For each sample size combination (n 1 , n 2 ), we randomly choose n 1 points (without replacement) and label them as X and the remaining n 2 points as Y points, and repeat the RL procedure N mc = 10000 times. At each Monte Carlo replication, we compute the NNCT-tests. Out of these 10000 samples the number of significant outcomes by each test is recorded. The nominal significance level used in all these tests is α = .05. 2 distribution, and I(·) is the indicator function. RL Case (3) We generate n 1 points iid U((0, 2/3) × (0, 2/3)) and n 2 points iid U((1/3, 1) × (1/3, 1)) for some combinations of n 1 , n 2 ∈ {10, 30, 50, 100}. The locations of these points are taken to be the fixed locations for which we assign the class labels randomly. The RL procedure is applied to these fixed points N mc = 10000 times for each sample size combination and the empirical sizes for the tests are calculated similarly as in RL Case (2).
RL Case (4) We generate n 1 points iid U((0, 1) × (0, 1)) and n 2 points iid U((2, 3) × (0, 1)) for some combinations of n 1 , n 2 ∈ {10, 30, 50, 100}. The RL procedure is applied and the empirical sizes for the tests are calculated as in the previous RL Cases.
The locations for which the RL procedure is applied in RL Cases (2-4) are plotted in Fig. 1 for n 1 = n 2 = 100. Although there are many possibilities for the allocation of points to which RL procedure can be applied, we only chose the locations of trees in a real life data set and three generic cases. Observe that in RL Case (2), the allocation of the points are a realization of a homogeneous Poisson process in the unit square; in RL Case (3) the points are a realization of two overlapping clusters; in RL Case (4) the points are a realization of two disjoint clusters. Fig. 1 The fixed locations of points for which RL procedure is applied for RL Cases (2-4) with n = 200 (for the case with n 1 = n 2 = 100) in the two-class case. Notice that x-axis for RL Case (4) is differently scaled than others The empirical significance levels are presented in Table 2 , where α D i,i is the empirical significance level for cell (i, i) with i ∈ {1, 2}, α R and α L are the estimated empirical significance levels for the right-and left-sided versions of Pielou's test, respectively Table 3 The empirical significance levels for the tests under H o : CSR independence with N mc = 10000, n 1 , n 2 ∈ {10, 30, 50, 100} at α = .05 for uniform class X and Y points in the unit square
Cell-specific One-sided Overall is the empirical significance level for the QR-adjusted cell-specific test for (i, i) for i ∈ {1, 2}, and α D,qr is for QR-adjusted Dixon's overall test of segregation Other empirical size estimate notation and superscript labeling are as in Table 2 (see Eq. 2), α P and α PY are for Pielou's overall test of segregation without and with Yates' correction, respectively, α D is for Dixon's overall test of segregation with n 1 , n 2 ∈ {10, 30, 50, 100} and N mc = 10000. Notice that among the cell-specific tests only α D 1,1 and α D 2,2 are presented in Table 3 , since N 12 = n 1 − N 11 and N 21 = n 2 − N 22 which implies α D 1,1 = α D 1,2 and α D 2,1 = α D 2,2 in the two-class case. The empirical sizes significantly smaller (larger) than .05 are marked with a(b) which indicate that the corresponding test is conservative (liberal). The asymptotic normal approximation to proportions is used in determining the significance of the deviations of the empirical size estimates from the nominal level of .05. For these proportion tests, we also use α = .05 to test against empirical size being equal to .05. With N mc = 10000, empirical sizes less (greater) than .0464 (.0536) are deemed conservative (liberal) at α = .05 level. Observe that Dixon's cell-specific tests are slightly liberal or conservative or about the desired significance levels in rejecting H o : RL when n 1 , n 2 ≥ 30. When n i ≤ 10 for i = 1 or 2, then Dixon's cell-specific tests tend to be conservative if n 1 = n 2 and liberal otherwise. Notice also that when n i ≤ 10 for i = 1 or 2 and n 1 = n 2 Dixon's cell-specific test is more conservative for cell (1, 1) which corresponds to the class with smaller size (i.e., class X ) compared to class Y . On the other hand, Pielou's overall test and the right sided version of Pielou's test are extremely liberal for all sample size combinations; left sided version of Pielou's test is extremely liberal for all sample size combinations except for (10, 50). Furthermore, Pielou's test with Yates' correction is liberal when min(n 1 , n 2 ) ≥ 30, conservative for (10, 50) and liberal or about the nominal level for other sample size combinations. Notice also that, α PY values are significantly smaller (based on the tests of equality of the proportions for two populations) compared to α P values. Dixon's overall test of segregation tends to be conservative for (10, 10) and (10, 30) and is about the desired nominal level for most of the other sample size combinations. These results suggest that under RL, Dixon's tests (especially the overall test) are appropriate, but Pielou's tests are not.
Empirical significance levels of the NNCT-tests under CSR independence
Under CSR independence, at each of N mc = 10000 replicates, we generate points iid from U ((0, 1) × (0, 1) ), for some combinations of n 1 , n 2 ∈ {10, 30, 50, 100}. Let X = {X 1 , . . . , X n 1 } be the set of class 1 points and Y = {Y 1 , . . . , Y n 2 } be the set of class 2 points.
We present the empirical significance levels for Pielou's tests and Dixon's tests in Table 3 , where α
D,qr i,i
is Dixon's cell-specific test for cell (i, i) and α D,qr is Dixon's overall test with Q and R are replaced with their (empirical) expected values and notations for the other tests are as in Sect. 5.1. The empirical sizes are calculated for some combinations of n 1 , n 2 ∈ {10, 30, 50, 100} and N mc = 10000. Observe that Dixon's cell-specific tests tend to be slightly liberal or conservative or about the desired significance level for most sample size combinations. In particular, they have about the desired nominal level for n 1 = n 2 ≥ 30; are extremely conservative for the smaller class when n i = 10 for one of i = 1, 2 (see, e.g., α D 1,1 for (n 1 , n 2 ) = (10, 50) and α D 2,2 for (n 1 , n 2 ) = (50, 10)). The QR-adjusted versions of cell-specific tests tend to have different sizes than the uncorrected versions when n i ≤ 30 for i = 1 or 2. For larger samples, QR-adjustment does not improve the sizes compared to the uncorrected ones. Pielou's overall test and one-sided versions are extremely liberal for all sample sizes (however, notice that Pielou's overall and left-sided tests are least liberal for (n 1 , n 2 ) = (10, 50) and (n 1 , n 2 ) = (50, 10)). Pielou's test with Yates' correction is at the nominal level for (n 1 , n 2 ) = (30, 10), conservative for (n 1 , n 2 ) = (10, 50) and (n 1 , n 2 ) = (50, 10), and liberal for other sample size combinations. Notice also that α PY values are significantly smaller than α P values (i.e., Yates' correction significantly reduces the empirical size for Pielou's overall test). As for Dixon's overall test, it tends to be conservative for small sample size combinations, and is about the desired level for most large sample size combinations. As in the cell-specific tests, QR-adjustment does not improve on the uncorrected versions. For more detail on QR-adjustment for NNCT-tests, see (Ceyhan 2008 
Empirical significance levels of the tests under indenpendence of rows and cell counts in NNCTs
For the independence of rows and cell counts in the NNCTs, we consider two cases: overall multinomial and row-wise binomial frameworks. In the overall multinomial case, we generate all four cell counts using multinomial distribution, M (n, π 11 , π 12 , π 21 , π 22 ), with π 11 = π 21 = n 1 2(n 1 +n 2 ) and π 12 = π 22 = n 2 2(n 1 +n 2 ) . The NNCT constructed in such a way is (approximately) equivalent to one based on a random sample of (base, NN) pairs. In the row-wise binomial case, we generate the two cell counts in each row using binomial distribution, N 11 ∼ BIN(n 1 , n 1 /(n 1 + n 2 )), and N 21 ∼ BIN(n 2 , n 1 /(n 1 + n 2 )). The NNCT constructed in this way is also equivalent to one based on a random sample of (base, NN) pairs.
For such NNCTs, we can only compute Pielou's test and the one-sided versions, but not Dixon's tests, since Dixon's tests require more information on the NN structure in the spatial distribution of the points, e.g., the quantities such as Q and R, which are not available these cases. That is, in any spatial allocation of points, the NN relations of each point is dependent on the relations of neighboring points, which in turn implies that it is not realistic to have a random sample of (base, NN) pairs in practice.
In Table 5 , we present the empirical significance levels for all tests except Dixon's tests under the independence of cells and rows case. Observe that Pielou's test with Yates' correction is extremely conservative under both of the frameworks. On the other hand Pielou's one-sided tests and Pielou's test without Yates' correction have about the desired nominal level.
Remark 5.2 Main result of Monte Carlo simulations for empirical sizes: Based on the simulation results under CSR independence of the points, we recommend the disuse of Pielou's test in practice, as it is extremely liberal, hence it might give false alarms when the pattern is actually not significantly different from RL or CSR independence. Moreover Yates' correction does not seem to fix the problems with Pielou's test, since Table 5 The empirical significance levels for the tests under independence of cells and rows with N mc = 10000, n 1 , n 2 ∈ {10, 30, 50, 100} at α = .05 for contingency tables based on the overall multinomial and row-wise binomial frameworks
Overall multinomial Row-wise binomial The empirical size notation and superscript labeling are as in Table 2 the problems are not caused by the discrete nature of the cell counts. However, Yates' correction seems to improve the performance of Pielou's test, in the sense that empirical size of Pielou's test with Yates' correction gets closer to the nominal level compared to the uncorrected one. Even Dixon's tests fail to have the desired level when at least one sample size is small so that the cell count(s) in the corresponding NNCT have a high probability of being ≤5. This usually corresponds to the case that at least one sample size is ≤10 or the sample sizes (i.e., relative abundances) are very different in our simulation study. When sample sizes are small (hence the corresponding NNCT cell counts are ≤5), the asymptotic approximation of Dixon's tests is not appropriate. So Dixon (1994) recommends Monte Carlo randomization for his test when some NNCT cell count(s) are ≤5 under RL. We concur with the same recommendation for the RL pattern and extend this recommendation for CSR independence. In fact, this recommendation is also partly consistent with the inapplicability of asymptotic results for contingency tables in general (not just for NNCTs) when cell counts are too small. In general contingency tables, the chi-squared approximation seems to be valid in most cases if all expected cell counts are larger than 0.5 and at least half are greater than 1.0 (Conover 1999) . On the other hand, Cochran (1952) states that the approximation may be poor if any expected cell count is less than 1 or if more than 20% of the expected cell counts are less than 5.
Edge correction for the CSR independence pattern
In this section, we investigate the edge or boundary effects on the NNCT-tests used under CSR independence. Edge effects arise because CSR independence assumes an unbounded region, which is not the case in practical situations. Edge effects on spatial pattern analysis and various correction methods are discussed extensively in spatial pattern literature (Clark and Evans 1954; Cressie 1993) . However, the effectiveness of edge correction depends on the type of the statistic used (see, e.g., Yamada and Rogersen 2003) . For example, when the study region is rectangular, the edge effects can be minimized by including a buffer zone or area around the rectangle, or alternatively, the rectangular region is transformed into a torus (Dixon 2002b) . In literature, buffer area is also referred to as guard area (Yamada and Rogersen 2003) . The general idea is the same for buffer zone and toroidal edge corrections, but they are implemented in different ways. In buffer zone correction we assume the properties of the process are the same, even if we continue into the buffer area. In toroidal correction, the process is exactly the same outside of the study area. Without any edge correction the cell counts in a NNCT can be written as
where S kl is 1 if point l is of class j and point k is of class i, and 0 otherwise; w kl is 1 if point l is the NN of point k, and 0 otherwise. 
Buffer zone correction for the CSR independence pattern
In the buffer zone correction method, a guard area is selected inside or outside the study region and the points in the guard area are used only as destinations (not the base points) in NN relations. In the NN pair (U, V ), point U is the base point, and point V is the destination point. When the buffer area is sufficiently large, the edge effects can be completely eliminated, but this is a wasteful procedure, because the large buffer area may contain many observations. Let R O be the original study area, R B be the outer buffer area, and R b be the inner buffer area and let n be the number of points that fall in R O . In the outer buffer zone correction, let n B be the number of points that fall in R O ∪ R B , and points with indices 1, 2, . . . , n lie in R O , and points with indices (n + 1), (n + 2), . . . , n B lie in R B . With the outer buffer zone correction, the NNCT cell counts are
Furthermore, the quantities Q and R are also modified as follows:
In the inner buffer zone correction, let n b be the number of points in the inner buffer area R b , and points with indices 1, 2, . . . , (n − n b ) lie in R O \R b , and points with indices (n − n b + 1), (n − n b + 2), . . . , n lie in R b . Then, with the inner buffer zone correction, the NNCT cell counts are
Furthermore, the quantities Q and R are
In our simulation study, we consider the edge correction by outer buffer zone correction only. For CSR independence, we generate points iid from U((−.5, 1.5) × (−.5, 1.5)) until there are n 1 class X points and n 2 class Y points in the unit square for some combinations of n 1 , n 2 ∈ {10, 30, 50, 100}. We repeat this procedure N mc = 10000 times for each n 1 , n 2 combination. The corresponding empirical significance levels are provided in Table 6 . Observe that compared to the uncorrected sizes, with the (outer) buffer zone edge correction, the empirical sizes of the right-sided version of Pielou's test do not significantly change; empirical sizes of the left-sided version of Pielou's test significantly decrease for smaller samples, do not significantly change for other sample size combinations; empirical sizes of Pielou's test with Yates' correction do not significantly change (except for (10, 10)); empirical sizes of Dixon's cellspecific tests do not change for most sample size combinations. On the other hand, for Dixon's test, the empirical sizes significantly increase to become liberal for n 1 + n 2 ≤ 80. Furthermore Pielou's overall and one-sided tests still tend to be liberal with the (outer) buffer zone correction; Pielou's test with Yates' correction is liberal when n 1 + n 2 ≥ 40. Dixon's cell-specific tests become about the desired level when n i ≥ 50 for both i = 1, 2, the sizes do not change or improve in one direction for smaller samples.
Remark 6.1 Inner versus outer buffer zone correction: The main difference between inner and outer buffer zone correction is the time of the selection of the buffer zone. Table 6 The empirical significance levels for the overall tests under H o with N mc = 10000, n 1 , n 2 ∈ {10, 20, 30, 40, 50} at α = .05 for uniform class X and Y points in the unit square when edge correction with buffer zone is applied The empirical size notation is as in In the outer buffer zone correction, a larger region than the intended region of interest is selected prior to recording the observations; while in the inner buffer zone correction some part of the original study region is designated as the buffer zone after the data is collected. Hence, theoretically the inner and outer buffer zones behave similarly. Indeed, R O \R b in the inner buffer zone correction acts like the original region R O of the outer buffer zone correction, and likewise R b in inner buffer zone correction acts like R B of the outer buffer zone correction. Thus, we only simulate the outer buffer zone correction, as it can also be equivalently viewed as the inner buffer zone correction. That is, the square (−.5, 
Toroidal edge correction for the CSR independence pattern
In the toroidal edge correction, the original area is surrounded by eight copies of the original study area and the points in these additional copies are used only as destination points. For the toroidal edge correction, clusters around the boundaries might cause bias. Moreover, while toroidal correction applies only to rectangular study regions, buffer zone correction applies to any type of study region (see Yamada and Rogersen 2003) .
Let R O be the original study area, R T be the eight copies appended to R O so as to obtain NN structure for the points in R O as if R O is part of a torus. For the toroidal correction, let n T be the number of points that fall in R O ∪ R T , and points with indices 1, 2, . . . , n lie in R O , and points with indices (n +1), (n +2), . . . , n T lie in the toroidal area R T . With the toroidal correction, the NNCT cell counts are
For toroidal correction, under H o : CSR independence, we generate n 1 X -points and n 2 Y -points iid from U((0, 1) × (0, 1)) for some combinations of n 1 , n 2 ∈ {10, 30, 50, 100}. We repeat this procedure N mc = 10000 times for each n 1 , n 2 combination. The corresponding empirical significance levels are presented in Table 7 . Observe that toroidal edge correction does not significantly affect the empirical sizes of the NNCT-tests.
Remark 6.2 Main result of edge correction analysis:
The Monte Carlo analysis in Sect. 6 suggests that the empirical sizes of the NNCT-tests are not affected by the toroidal edge correction because in our Monte Carlo simulations, we have generated the CSR independence pattern on the unit square. Any clusters in a realization of CSR are due to chance and are equally likely to occur anywhere, so the clusters are more likely to occur away from the boundary of the region. However, the (outer) buffer zone edge correction method seems to have stronger influence on the tests compared to toroidal correction. In particular, the empirical sizes of the Dixon's test tend to significantly increase with buffer zone correction. But for all other tests, buffer zone correction does not change the sizes significantly for most sample size combinations. This is in agreement with the findings of Barot et al. (1999) which says NN methods only require a small buffer area around the study region. A large buffer area does not help too much since one only needs to be able to see far enough away from an event to find its NN. Once the buffer area extends past the likely NN distances (i.e., about the average NN distances), it is not adding much helpful information for NNCTs. Furthermore, since buffer (inner or outer) zone correction methods are wasteful, and strongly depend on the size of the zone, we do not recommend their use for NNCTtests. On the other hand, one can use toroidal edge correction, but the gain might not be worth the effort. Table 7 The empirical significance levels for the overall tests under H o with N mc = 10000, n 1 , n 2 ∈ {10, 20, 30, 40, 50} at α = .05 for uniform class X and Y points in the unit square when toroidal edge correction is applied The empirical size notation and superscript labeling are as in Table 6 7 Examples
We illustrate the tests on two example data sets: Dixon's swamp tree data (Dixon 2002b ) and an artificial data set. We present the corresponding NNCTs, test statistics, and edge correction results for both examples. Since an outer buffer zone is not provided in these examples, inner buffer zone correction is the only type of buffer zone correction we can apply. Moreover, since the regions are rectangular, we can also apply toroidal edge correction in these examples.
7.1 Swamp tree data Dixon (2002b) illustrates NN-methods on tree species in a 50 m by 200 m rectangular plot of hardwood swamp in South Carolina, USA. The plot contains trees from 13 different tree species, of which we only consider the live trees from two species, namely, black gums and bald cypresses. If spatial interaction among the less frequent species were important, a more detailed 12 × 12 NNCT-analysis should be performed. For more detail on the data, see Dixon (2002b) . The locations of these trees in the study region are plotted in Fig. 2 . Dixon (2002a) applies his methodology for this data set assuming the null pattern is the RL of tree species to the given locations. But it is more reasonable to assume that the locations of the tree species a priori result from different processes. Hence the more appropriate null hypothesis would be the CSR independence pattern, which implies that NNCT-test results are conditional ones. The question of interest is whether the two tree species are segregated, associated, or do not deviate from the CSR independence pattern. The corresponding NNCT and the percentages are provided in Table 8 . The percentages for the cells are based on the sample size of each species. That is, for example 82% of black gums have NNs from black gums, and remaining NNs of black gums are from bald cypresses. The row and column percentages are marginal percentages with respect to the total sample size. The percentage values are also suggestive of segregation, especially for black gum trees. For the raw data (i.e., data not corrected for edge effects), we find Q = 178 and R = 156. The test statistics are provided in Table 9 , where X 2 D stands for Dixon's overall segregation test, X 2 P and X 2 PY for Pielou's test without and with Yates' correction, respectively, Z n for the directional Z -test. The p-values are for the general alternative of deviation from CSR independence for X 2 D , X 2 P , and X 2 PY ; and for Z n , the first p-value in the parenthesis is for the association alternative, while the second is for the segregation alternative. Observe that all two-sided tests are significant, implying significant deviation from CSR independence. The directional (one-sided) tests indicate that black gum trees and bald cypresses are significantly segregated. Table 9 also contains the p-values when the edge correction methods are applied. The toroidal correction does slightly change the test statistics, but not the conclusions. For the inner buffer zone correction, we first estimate the density of the combined species, namely λ = (n 1 + n 2 )/A r where A r is the area of the study region. Let W be the distance from a randomly chosen event to its NN, then under CSR independence,
, where λ is the intensity of the point process (Dixon 2002b) . So, we move the boundaries inside the rectangular study
how much of the study region is regarded as the buffer zone. We implement the inner buffer zone correction with k = 0, 1, 2, 3, but only present the results for k = 0, 1, since each case yields similar test statistics and the same conclusions. Based on the NNCT-tests, we conclude that the tree species exhibit significant deviation from the CSR independence pattern. Considering Fig. 2 and the corresponding NNCT in Table 8 , this deviation is toward the segregation of the tree species. However, the results of NNCT-tests pertain to small scale interaction, i.e., at about the average NN distances. To understand (possible) causes of the segregation and the type and level of interaction between the tree species at different scales (i.e., distances between the trees) we also provide Ripley's univariate and bivariate L-functions in Fig. 3 , where the spatial interaction is analyzed for distances up to 50 m. In Fig. 3 , we present the plots of Ripley's univariate L-function L ii (t) − t for both species, and bivariate L-function L 12 (t) for the pair of tree species. Due to the symmetry of L i j (t), we omit L 21 (t). We also present the upper and lower 95% confidence bounds for each L ii (t)−t and L 12 (t)−t under CSR independence. Observe that black gums exhibit significant aggregation for distances t > 1 m (the L 11 (t) − t curve is above the upper confidence bound); bald cypresses exhibit no deviation from CSR around t 5 m, then they exhibit significant spatial aggregation for t up to 30 m, then for larger distances (t > 45 m) they exhibit spatial regularity. Observe also that black gums and bald cypresses are significantly segregated for distances up to t ≈ 42 m ( L 12 (t) − t is below the lower confidence bound), for larger distances their interaction does not deviate significantly from CSR independence. Therefore, the segregation of the species might be due to different levels and types of aggregation of the species in the study region. Note also that average NN distance for swamp tree data is 3.08 ± 1.70 (mean ± standard deviation) and results of bivariate L-function and NNCT-analysis agree for distances around t = 3 m.
Artificial data set
In the swamp tree example, although the expected NNCT cell counts (not presented) are different for the NNCT-tests and p-values for Dixon's tests are larger than others, we have the same conclusion: there is strong evidence for segregation of tree species. Below, we present an artificial example, a random sample of size 100 (with 50 X -points and 50 Y -points uniformly generated on the unit square). The question of interest is the spatial interaction between X and Y classes. We plot the locations of the points in Fig. 4 and the corresponding NNCT together with percentages are provided in Table 8 . Observe that the percentages are suggestive of mild segregation, with equal degree for both classes. The data is generated to resemble the CSR independence pattern, so we assume the null pattern is CSR independence, which implies that our inference will be a conditional one. Observe that in Table 9 , Pielou's tests are significant while Dixon's test are not, which might be interpreted as evidence of deviation from CSR independence. The graph in Fig. 4 is not suggestive of any such deviation from CSR independence, and the dependence between NNCT cell counts might be confounding the conclusions based on Pielou's tests. With toroidal correction, all p-values increase, but only for Pielou's test with Yates' correction becomes insignificant after the correction. With buffer zone correction with k = 0, all p-values get to be insignificant, except for the one-sided test for segregation. Furthermore, with k = 1, the changes in p-values are more dramatic. We also have similar changes with k = 2, 3 (not presented). Thus, inner buffer zone edge correction, might make a big difference if the pattern is a close call between CSR independence and segregation/association. That is, if a segregation test has a p-value about .05, when a subregion is reserved as the inner buffer zone, either we might have a pattern different from CSR independence in the area for the base points (i.e., R O \R b ) or after the loss of data in the buffer zone the power of the tests might decrease. We also point out that, inner and outer buffer zone correction methods are not recommended in literature for spatial pattern analysis with, e.g., Ripley's K -function (Yamada and Rogersen 2003) , and we concur with this suggestion for NNCT-tests. Since Pielou's and Dixon's tests give different results in terms of significance, we also provide Ripley's univariate and bivariate L-functions in Fig. 5 , where the spatial interaction is analyzed for distances up to t = 0.25. Observe that X points exhibit significant regularity for distances .18 < t < .24 and no deviation from CSR for other distance values. Y points do not deviate significantly from CSR for all distances considered, although they are close to being regular. Observe also that X and Y points are significantly associated for distances around t ≈ 0.06 and t ≈ 0.10, for all other distances their interaction does not deviate significantly from CSR independence. Hence we conclude that the significant segregation implied by Pielou's test seems to be a false alarm, since in fact, the spatial interaction between the points is not significantly different from CSR independence. Note also that average NN distance for the artificial data is .052 ± .03 and results of the bivariate L-function and NNCTanalysis agree around t = .05.
Discussion and conclusions
In this article we discuss segregation tests based on nearest neighbor contingency tables (NNCTs). These NNCT-tests include Pielou's test (with or without Yates' correction), Dixon's cell-specific and overall tests, and the newly introduced one-sided versions of Pielou's tests. A summary of the test statistics together with the underlying assumptions, the appropriate null hypotheses, and the quantities the statistics are conditional on are presented in Table 10. Pielou's and Dixon's tests were both defined under the null hypothesis of random labeling (RL) of a fixed set of points (Pielou 1961; Dixon 1994 Dixon , 2002a . It has been shown that Pielou's test is not appropriate for testing RL, but Dixon's tests are. The main problem with Pielou's NNCT-tests (including the one-sided versions) discussed in this article is the dependence between trials (i.e., categorization of (base, NN) pairs) and between the NNCT cell counts.
In this article, we extend the use of the NNCT-tests for the CSR of points from two classes (i.e., CSR independence). We demonstrate that Pielou's tests are liberal for rejecting RL or CSR independence, while Dixon's tests are appropriate for large samples. For smaller samples (i.e., when some cell count in the NNCT is ≤5) we recommend the Monte Carlo randomization version for NNCT-tests. We also show that Pielou's tests are only appropriate for a NNCT based on a random sample of (base, nearest neighbor (NN)) pairs (which is not a realistic situation in practice). We prove the consistency of the tests under appropriate null hypotheses; evaluate the empirical size performance of these tests based on an extensive Monte Carlo simulation study under RL, CSR independence, and independence of cell counts and rows in Sect. 5. Yates' correction has the same properties as the uncorrected one (hence not presented). NA stands for "not applicable"
Based on the Monte Carlo analysis, for moderate to large sample sizes Dixon's tests are recommended.
Under CSR independence, edge or boundary effects might be a potential concern for the NNCT-tests. Based on Monte Carlo analysis for edge correction methods, with buffer zone correction, we find that the uncorrected and corrected results are not significantly different. In particular, buffer zone correction methods (with larger distances than the average NN distances) are not recommended, as they are wasteful procedures and do not serve the purpose of correcting for the edge effects. The outer buffer zone correction with large buffer areas is redundant hence not worth the effort, while inner buffer zone correction with large buffer areas is wasteful and might cause bias and loss of power in the analysis. With toroidal correction only significant change occurs for Dixon's overall change, but corrected versions are usually liberal. Hence edge effects are not significantly confounding the results of the NNCT-tests (under CSR independence).
In this article, NNCTs are based on NN relations using the usual Euclidean distance. But, this method can be extended to the case that NN relation is based on dissimilarity measures between observations in finite or infinite dimensional space. It is even possible to have situations that are completely non-spatial and yet one can conduct NNCT analysis based on dissimilarity measures. In this general context the NN of object x refers to the object with the minimum dissimilarity to x. The extension of RL pattern is straightforward, but extra care should be taken for such an extension of CSR independence. For example, in either case, the term Q (in Dixon's tests) which is the number of points with shared NNs needs to be revised as Q : = 2 N k = 1 k 2 Q k . We conjecture that these tests when applied to other fields for high dimensional data and NN relations based on dissimilarity measures, can be useful. the asymptotic normality. The consistency for spatial association for the two-class case follows similarly.
In the multinomial framework with N = (N 11 , N 
for large n. Hence, T n rejects RL or CSR independence in favor of segregation or spatial association more frequently than it should; i.e., it is liberal in rejecting these null patterns, or equivalently, its nominal significance level is larger than the prespecified level α. However, under the above parametrization of segregation, we have E T n |H S a = ε > 0 and Var I I [T n ] converges to zero as n → ∞. Hence, consistency for segregation follows. Consistency for the spatial association alternative follows similarly.
Proof of the Claim in Eq. 9 For large n, the probabilities in Eq. 7 take the form Hence by algebraic manipulations, we get
Furthermore, under RL or CSR independence, κ i = ν i for i = 1, 2. Then for large n, variance of T n under RL or CSR independence is
Then we need to show that, n + R n + ν 1 ν 2 = 1+ R n + ν 1 ν 2 > ν 1 (2−ν 1 ) which trivially follows, since 1 > ν 1 (2 − ν 1 ) which follows from (ν 1 − 1) 2 > 0.
Proof of Theorem 4.2 (I)
Suppose under H o , NNCT is based on a random sample of (base, NN) pairs. In the two-class case, deviations from H o are as in Theorem 4.1. With such a deviation from H o ; i.e., under H a , for large n, X 2 P is approximately distributed as a χ 2 distribution with non-centrality parameter λ(ε) and 1 degrees of freedom (d.f.), which is denoted as χ 2 1 (λ(ε)). The non-centrality parameter is a quadratic form which can be written as µ(ε) A µ(ε) for some positive definite 2 × 2 matrix A of rank 1 (see Moser 1996) hence λ(ε) > 0 under H a . Then as n → ∞, the null and alternative hypotheses are equivalent to H o : λ = 0 versus H a : λ = λ(ε) > 0. Then the size of the test is α and the consistency follows. (II) Under RL or CSR independence, the dependence in the row sums or column sums, which causes the reduction in d.f. is not the only type of dependence present in the NNCT. In addition to this, the NNCT cell counts are also dependent due to reflexivity and shared NN structure. Hence, even under RL or CSR independence, the corresponding distribution is still a scaled version of central χ 2 distribution, but has a larger variance than χ 2 1 distribution, hence the nominal level of the test is larger than the prespecified α. On the other hand, as n → ∞, the power of the test goes to 1. 
Proof of Theorem
